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Simple Summary

This study focused on understanding the early growth pattern of young Bargur cattle
from birth (age code 1) to approximately 16 months of age (age code 17). Bargur cattle
are an endangered breed of cattle from Tamil Nadu that inhabit the Bargur hillocks of
the Erode District. They are known for their ability to survive in a difficult environment
with zero input system and also support rural livelihoods through draught power and
manure. However, there is limited information on the growth pattern of Bargur cattle
during the early growth period. To address this, body weight records from 174 calves were
analysed from birth (age code 1) to approximately 16 months of age (age code 17). Different
non-linear growth models were used to describe how body weight changes with age and
to identify which model best represents their growth pattern. Among the models tested,
the Von Bertalanffy model provided the best overall statistical fit to the observed data.
The Logistic model showed the highest maturation rate parameter (K), indicating a faster
early growth phase. The Generalized Weibull and Von Bertalanffy models also adequately
described the growth pattern of Bargur calves. The results showed that the growth rate
R) Check for updates was faster during the early months and gradually slowed as the animals aged. The study

also highlighted that asymptotic weight estimates should be interpreted cautiously because
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make better decisions regarding breeding, management, and conservation of this important
indigenous breed at an early stage.
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included 1803 weight—age records collected from 174 calves, covering measurements from
birth (age code 1) to approximately 16 months of age (age code 17). In the research station
database, birth weight was recorded as age code 1, with subsequent age codes representing
approximately monthly weight records. To describe the growth pattern, five non-linear
models, Brody, Logistic, Von Bertalanffy, Gompertz, and Generalized Weibull, were fitted
to the data. Key growth parameters, such as asymptotic weight, initial weight, and growth
rate were estimated, along with indicators like age and weight at inflection. Because the
available records covered growth from birth (age code 1) to approximately 16 months of
age (age code 17), asymptotic weight estimates should be interpreted as model-derived
projections rather than observed mature body weight. Among the models evaluated, the
Von Bertalanffy model showed the best overall statistical fit based on AIC, BIC, and RMSE
criteria, followed by the Gompertz model. The Logistic model, although not the best-fitting
model statistically, retained biological interpretability in describing early growth patterns
in calves. The dataset, along with graphical outputs of growth curves and residuals,
provides useful insights into the early growth trajectory of Bargur cattle and may support
conservation, management, and future breeding programs.

Keywords: growth curve; Bargur cattle; non-linear models; body weight; birth weight;
goodness of fit; Logistic

1. Introduction

Bargur cattle are an endangered indigenous breed native to the Bargur hills of Tamil
Nadu, and are well adapted to the hilly terrain and forest ecosystem of this region. The
breed is known for its hardiness, grazing ability, and suitability for low input management
systems. It plays an important role in the livelihoods of local communities and represents
a valuable genetic resource. Despite their ecological and socio-economic importance,
Bargur cattle populations have declined drastically during the last few decades because of
mechanization of agriculture, reduced demand for draught animals, restrictions on forest
grazing, lack of systematic breeding programs, and limited awareness regarding breed
conservation [1]. In addition, scientific information on the growth characteristics of Bargur
cattle remains limited compared with other indigenous and commercial cattle breeds.
Understanding growth patterns using appropriate mathematical models is important
for evaluating growth performance, improving management practices, and supporting
conservation and breed improvement strategies for this endangered indigenous cattle
breed. This breed exhibits strong adaptability and good production potential, along with
distinct characteristics and management practices [2]. Growth is an important indicator
of livestock performance, and body weight is widely used to monitor growth over time.
Regular weight recording helps in understanding growth patterns and improving animal
management and selection. In indigenous cattle, including Bargur cattle, body weight can
be estimated using morphometric body measurements when direct weighing is difficult,
and this approach has been previously validated in Bargur cattle under field conditions [3].
Mathematical models are commonly used to describe growth patterns in animals and
non-linear growth models are particularly suitable because they can capture the sigmoidal
relationship between age and body weight. The growth curve can be quantified more
accurately using nonlinear models to synthesize data over a given time interval for a
group of animals in a given physiological state [4]. Non-linear growth models provide
biologically interpretable parameters such as asymptotic weight (A) and maturation rate
(K), which describe the model-derived asymptotic growth level and the rate at which
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animals approach it [5]. Non-linear growth models have been effective in describing the
growth curve and estimating biologically meaningful parameters in cattle [6]. These models
provide biologically meaningful parameters, such as asymptotic weight and growth rate.
Non-linear growth functions have been successfully applied to different livestock species,
including goats [7] cattle [8] and buffalo [9], demonstrating their usefulness in describing
growth trajectories under varying conditions. In this study, the data were obtained from a
nucleus herd of 100 breedable Bargur cows and their followers, maintained at the Bargur
Cattle Research Station since 2015 to the present under a standardized management system,
including controlled feeding, routine health care, and systematic performance recording.
Records of birth weight, animal ID, sex, birth date, date of weight recording, body weight,
and age at recording were collected from the herd database. In the research station database,
birth weight was recorded using age code 1, and subsequent age codes corresponded
approximately to monthly weight recordings. The dataset included animals with body
weight records available from birth (age code 1) to approximately 16 months of age (age
code 17). Both raw and processed age-weight records of Bargur calves were used to
estimate growth parameters, evaluate goodness-of-fit, and generate fitted growth curves
and residual plots for model comparison.

To identify the most suitable model, statistical criteria including Akaike Information
Criterion (AIC) and Bayesian Information Criterion (BIC) were used. These criteria are
widely applied in model selection because they account for both model fit and model com-
plexity, helping to identify the most appropriate model for a given dataset [10]. Therefore,
the present study was undertaken to describe the growth patterns of indigenous Bargur
Cattle calves using different non-linear growth models. The objective of this study was
to compare the performance of these models using longitudinal weight-age data and to
provide information that may support further research and management of this breed.

2. Materials and Methods
2.1. Data Source

The present study was conducted using data from Bargur Cattle maintained at the
Bargur Cattle Research Station, Bargur, located in Anthiyur (tk) of Tamil Nadu (11.816909°
N latitude and 77.537855° E longitude) at an altitude of approximately 1050 m above the
mean sea level. The station primarily focuses on the conservation of Bargur Cattle an
indigenous hilly breed. Weight-age records (n = 1803) along with information on calf
identification number, date of birth, sex, date of weight recording, and age at recording,
were obtained from the station records. In the station database, age was recorded using
sequential monthly age codes, where age code 1 represented birth weight and subsequent
codes corresponded approximately to monthly weight recordings. Thus, the age variable
ranged from code 1 (birth) to code 17 (approximately 16 months of age). The dataset com-
prised repeated body weight measurements of Bargur calves capturing growth variability
within the population. The dataset included records from 76 male and 98 female calves
collected between 2017 and 2023. Both sexes were included together in the analysis to
evaluate the overall growth pattern of Bargur calves under field conditions. Although male
and female calves were represented during the pre-weaning period, the distribution of
observations across age classes became less balanced due to differences in the lactation
length of the dams (Table S1). Therefore, sex was not included as a fixed effect in the
growth models, and the analysis focused on describing the overall growth trajectory of
Bargur calves rather than sex-specific growth patterns. Animals were maintained under
a relatively uniform scientific management system, including feeding with green fodder,
dry fodder, and concentrate supplementation according to body weight and nutritional
requirements. The study period (2017-2023) included all seasonal variations; however, ani-
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mals were maintained under a standardized feeding and management system to minimize
environmental variation. Data quality was assessed through biological plausibility checks
and graphical inspection of residuals after model fitting. No observations were identified
as biologically implausible or influential enough to warrant exclusion. Therefore, all 1803
weight-age records were retained for growth curve analysis. The descriptive statistics of
age, body weight and number of records per animal are presented in Table 1.

Table 1. Descriptive Statistics for Age, Weight and Number of Records per animal of Bargur Calves.

Variable N Minimum Maximum Mean Std. Dev
Age code (birth = 1, 1803 1 17 597 5.44
~monthly intervals)
Weight (kg) 1803 6 127 48.22 23.27
Weight-Age Records per animal 174 animals 3 17 10.36 2.45

Note: Age was recorded using sequential monthly age codes. Age code 1 corresponds to birth weight, and
subsequent codes correspond to monthly weight records.

2.2. Growth Models

Non-linear growth models were used to describe the relationship between age and
body weight of Bargur calves. Commonly used sigmoidal growth functions, namely the
Brody, Logistic, Von Bertalanffy, Gompertz, and Generalized Weibull models, were consid-
ered in the analysis. These models are widely applied in livestock studies because of their
ability to capture the nonlinear and asymptotic nature of biological growth [11,12]. Among
these, the Brody, Logistic, Von Bertalanffy, and Gompertz models are three-parameter
functions in their conventional form, with parameters representing asymptotic weight
(A), an integration constant (b), and maturation rate (K). The Generalized Weibull model
includes an additional shape parameter (1), allowing greater flexibility in describing the
curvature of the growth trajectory.

2.3. Model Equations

The mathematical forms of the selected growth models and their reparameterized
expressions are listed in Table 2. All models were parameterized to estimate biologi-
cally meaningful parameters, including asymptotic weight (A), initial (birth) weight (W),
and maturation rate (K). The shape parameter (1) of the Generalized Weibull model was
specified in the theoretical formulation; however, it could not be reliably estimated in
the nonlinear mixed-effects framework due to convergence constraints. Therefore, the
final model was fitted without estimating n as a free parameter. The Brody, Logistic, Von
Bertalanffy, and Gompertz models are commonly expressed in terms of the parameters
A, b, and K, where b is an integration constant. In the present study, these models were
reparameterized by expressing b as a function of birth weight (W), thereby replacing the
integration constant with a biologically interpretable parameter while retaining the same
number of model parameters. For models that do not explicitly include the initial weight
in their standard formulation, a reparameterization approach was applied to express W as
a model parameter, following the procedure described [13]. This ensured the consistency
and comparability of the parameter estimates across the models. Because the available
data covered growth from birth (age code 1) to approximately 16 months of age (age
code 17) (age codes 1-17), the asymptotic weight parameter (A) should be interpreted as a
model-derived asymptotic projection rather than as an observed mature body weight.
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Table 2. Description of models and model re-parameterizations fitted to describe the growth curve of
Bargur Cattle Calves from Bargur Cattle Research Station.

Model Reference General_Form Expression_b Reparameterized_Model
Brody Fitzhugh [14] Wt =A(1 — be{—Kt}) b=1— (Wy/A) Wt=A[1 - (1 — Wy/A)e{—Kt}]
Logistic Tjerve & Tjerve [11] Wt =A/(1 +be*{—Kt}) b=(A/Wp) —1 ((A/VV:II; i?)/e[}{jKt})]
) ) . . R Wt=A[1l-(1-
Von Bertalanffy Tjerve & Tjerve [11] Wt = A(1 — be™{—Kt})"3 b=1—- (Wy/A){1/3} (Wo/AY(1/3))e"|—KHT'3
Wi =
Gompertz Tjerve & Tjorve [11] Wt = A exp(—be™{—Kt}) b =In(A/Wy)
P J J P 0 A\exp[f\ln(wio)\exp(fKt)]
. . R . Wi=A[l-(1-
Generalized Weibull Henderson & Seaby [12] Wt = A(1 — be "{—(Kt)*n}) b=1—-Wy/A

Wo/Aexp(—(Kt)'n)]

2.4. Statistical Analysis

Growth models were fitted to the age—weight data using a nonlinear mixed-effects
modelling approach. The general form of the model is expressed as:

Wiy = f(t; A+a;, Wo, K, n) +€;

where W;, represents the observed body weight of the i-th animal at age t, A denotes
the asymptotic weight, 4; is the random effect associated with animal i on parameter A,
Wy is the initial weight, and K is the maturation rate parameter, where n denotes the
shape parameter included only in the Generalized Weibull formulation. However, due
to convergence limitations, n was not estimated in the final nl/me implementation and
the Weibull model was fitted in a reduced form, where ¢;; represents the residual error
associated with observation i at time .

The random effects and residuals were assumed to follow normal distributions, such
that a; ~ N(0, O‘ZA) and ¢;; ~ N(0, 02). In all models, random effects were initially evalu-
ated for asymptotic weight (A), maturation rate (K), and initial weight (W), individually
and in combination. However, only the asymptotic weight (A) was retained as a random
effect in the final model due to convergence stability and reliable parameter estimation.
Since observations began at birth (age code 1), Wy represents a model-derived estimate of
birth weight rather than a true measurement at time zero.

2.5. Goodness-of-Fit Criteria

Model performance was evaluated using standard goodness-of-fit criteria, including
—2 log-likelihood, Akaike Information Criterion (AIC), Bayesian Information Criterion
(BIC), standard error of regression (S /), and Root Mean Square Error (RMSE). Lower
values of AIC, BIC, S/, and RMSE indicate better model performance and predictive accu-
racy. These criteria are widely used for model selection because they consider both model
fit and complexity, with lower values indicating better model performance (Multimodel
inference: Understanding AIC and BIC in model selection).

In addition, the standard error of regression (Sy,,) was calculated as an indicator of
prediction accuracy using the following equation:

1
n—p

yoet

Sy/x =

where 7 is the number of observations, p is the number of parameters, and ¢; is the residual.
The models were ranked based on these criteria to identify the best-fitting function.
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2.6. Software

All statistical analyses were performed using R software (version 4.5.3). Nonlinear mixed-
effects models were fitted using the nlme package [15]. Graphical outputs, including growth
curves and residual diagnostic plots, were generated to assess model adequacy. Normal Q-Q
plots and residual-versus-fitted plots were used to evaluate the assumptions of normality and
homogeneity of variance for all fitted models. Diagnostic Q-Q plots of standardized residuals
and animal-level random effects for the selected best-fitting Von Bertalanffy nonlinear mixed-
effects model are provided in the Supplementary Material (Figure S1).

3. Results
3.1. Growth Parameter Estimates

The estimated growth parameters obtained from the different non-linear models are
presented in Table 3. The asymptotic weight (A) varied across the fitted models. The
Generalized Weibull model yielded the highest asymptotic estimate (176.19 kg), followed
by the Von Bertalanffy (126.09 kg), Gompertz (115.01 kg), Brody (107.84 kg), and Logistic
(99.38 kg) models, whereas the Logistic model showed the lowest estimate (99.38 kg).

Table 3. Model-derived parameter estimates from nonlinear mixed-effects growth models fitted to
birth through approximately 16 months of age-weight data of Bargur cattle calves.

95% Confidence 95% Confidence

Model Parameter Estimate Std. Error Limit Lower Limit Upper
Brody A 107.838 7.299 93.532 122.145
Brody Wo 5.262 0.372 4.532 5.992
Brody K 0.054 0.005 0.045 0.064
Logistic A 99.376 1.886 95.679 103.073
Logistic Wo 42.274 0.864 40.581 43.968
Logistic K 0.301 0.005 0.292 0.310
Von Bertalanfty A 126.091 3.239 119.743 132.439
Von Bertalanffy Wy 10.412 0.309 9.805 11.018
Von Bertalanffy K 0.128 0.003 0.122 0.135
Gompertz A 115.006 2.599 109.971 120.161
Gompertz Wo 11.709 0.302 11.116 12.302
Gompertz K 0.171 0.004 0.163 0.178
Generalized Weibull A 176.187 7.553 161.382 190.992
Generalized Weibull Wo 66.937 2.879 61.293 72.580
Generalized Weibull K 0.052 0.003 0.046 0.058
Generalized Weibull n NA NA NA NA

The shape parameter 1 of the generalized Weibull model was not estimable in the final n/me formulation due to
convergence constraints.

A similar variation was observed in the initial weight parameter (W), which ranged
from 5.26 kg (model-derived estimate from the Brody model) to 66.94 kg (model-derived
estimate from the Generalized Weibull model). The maturation rate parameter (K) was
highest in the Logistic model (0.301), indicating a faster approach toward its model-derived
asymptotic weight under the Logistic formulation. It should be noted that asymptotic
weight (A) represents a model-derived projection based on early growth data and does not
correspond to observed mature body weight.
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3.2. Inflection Point Analysis

A growth turning point estimated from raw longitudinal data, based on the age
corresponding to the maximum observed growth rate across age classes, was computed
and compared with model-based inflection points (Table 4). The age and weight at the
point of inflection derived from the fitted nonlinear growth models are presented in Table 5.
The Gompertz model indicated an inflection weight of 42.31 kg occurring at approximately
4.77 months of age. The Logistic model showed a higher inflection weight of 49.69 kg
at around 1.00 month of age. The Von Bertalanffy model estimated the inflection weight
as 37.53 kg at 4.05 months of age, whereas the Generalized Weibull model showed an
inflection weight of 111.63 kg at approximately 1.00 month, derived numerically from the
fitted growth curve. Since the shape parameter (1) was not estimable in the nonlinear
mixed-effects framework, analytical derivation of the inflection point was not possible for
the Weibull model; therefore, the inflection point was obtained directly from the predicted
growth trajectory. As expected, the Brody model did not exhibit a biologically defined
inflection point.

Table 4. Comparison of empirical and model-based inflection points derived from nonlinear growth
models fitted to Bargur cattle calves.

Method Inflection Age Inflection Weight
Observed (Max growth rate) 2.0 7.86

Gompertz 477 42.31

Logistic 1.00 49.69

Von Bertalanffy 4.05 37.53

Generalized Weibull 1.00 111.63

Brody NA NA

Table 5. Model-derived age and weight at inflection points from nonlinear growth models fitted to
Bargur cattle calves.

Model Parameters Expression Parameter_Value
Brody W; - -
Brody T; - -
Gompertz W; Ale 42.31
Gompertz T; In[ln(A/Wy)]/K 4.77
Logistic W; A/2 49.69
Logistic T; In(A/Wy — 1)/K 1.00
Von Bertalanffy W; Ax(1—-1/3)3 37.53
Von Bertalanffy T; In[3(1 — (Wo/A)(1/3))]/K 4.05
Generalized Weibull W; - Derived numerically from fitted growth curve
Generalized Weibull T; - Derived numerically from fitted growth curve

T; = age at inflection (months); Wi = weight at inflection (kg). A = asymptotic weight; W, = initial weight;
K = growth rate parameter. For the Generalized Weibull model, inflection age was obtained numerically from the
fitted growth trajectory due to non-estimation of the shape parameter ().

3.3. Variance Components

The estimates of the variance components for asymptotic weight and residual variance
are presented in Table 6. The asymptotic variance (02A) differed substantially across
the fitted models. The Logistic, Gompertz, Von Bertalanffy, and Generalized Weibull
models showed relatively higher asymptotic variance estimates (398.28, 539.09, 648.75, and
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1260.66, respectively), indicating greater between-animal variability in mature weight. In
contrast, the Brody model failed to produce reliable variance component estimates due to
convergence instability, and therefore 62A and o2e were not available for this model. The
residual variance (o%e) was relatively consistent across models, ranging from 22.20 to 24.47,
indicating similar within-animal variability across the fitted growth functions.

Table 6. Variance estimates for asymptotic weight and residual variance from non-linear growth
models fitted to the Bargur Cattle Calves data.

Model Parameter Estimate Std. Error 95% Confidence Limits
Brody o2 A NA NA NA
Brody o’_e NA NA NA
Logistic 02 A 398.28 45.40 318.67-497.77
Logistic o2 e 24.465 0.859 22.83-26.20
Von Bertalanffy o?_A 648.75 78.469 512.10-821.86
Von Bertalanffy o’ e 22.20 0.786 20.71-23.80
Gompertz o2_A 539.09 63.202 428.63-678.02
Gompertz 02 e 22.60 0.796 21.09-24.21
Generalized Weibull 02 A 1260.66 220.435 896.34-1773.04
Generalized Weibull o?_e 22.48 0.847 20.88-24.20

3.4. Model Comparison and Goodness-of-Fit

A comparison of the models based on the goodness-of-fit criteria is presented in
Table 7. The Von Bertalanffy model ranked first according to the AIC, BIC, and Sy /x values,
and RMSE values, indicating the best overall fit to the observed growth data. The Gompertz
model ranked second based on all three criteria. The Logistic model showed intermediate
performance, followed by the Generalized Weibull model, while the Brody model exhibited
the poorest fit among the evaluated models. Overall, the lower AIC, BIC, and residual error
values obtained for the Von Bertalanffy and Gompertz models suggest that they provided
a better statistical description of the growth pattern of Bargur cattle calves in the present
study. To further evaluate predictive performance at the individual observation level, Root
Mean Square Error (RMSE) was computed (Table 8). The prediction accuracy of the fitted
nonlinear growth models was evaluated using RMSE, and the results are presented in
Table 8. The RMSE values varied across models, ranging from 4.4864 to 11.4996, indicating
differences in predictive performance at the individual trajectory level. The Von Bertalanffy
model showed the lowest RMSE (4.4864), closely followed by the Gompertz (4.5263) and
Logistic (4.7099) models, while the Generalized Weibull model showed a comparatively
higher RMSE (6.1373). The Brody model exhibited the highest RMSE (11.4996). Overall,
the variation in RMSE values suggests differences in predictive accuracy among the fitted
nonlinear growth models for Bargur cattle calves.

Table 7. Model ranking and model goodness of fit estimators after fitting five non-linear functions to
describe the growth curve of Bargur Cattle Calves from Bargur Cattle Research Station.

Model Rank_AIC Rank_BIC Rank_Sy/x LogLik2 AIC BIC Sy

Von Bertalanffy 1 1 1 —5689.366 11,388.73 11,416.22 471
Gompertz 2 2 2 —5703.585 11,417.17 11,444.66 4.75
Logistic 3 3 3 —5767.479 11,544.96 11,572.45 494
Generalized Weibull 4 4 4 —6195.810 12,399.62 12,421.66 6.43
Brody 5 5 5 —6961.827 13,933.65 13,961.14 11.49

AIC = Akaike Information Criterion; BIC = Bayesian Information Criterion; S/, = Standard error of the regression.
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Table 8. Root Mean Square Error (RMSE) of fitted nonlinear growth models.

Model RMSE
Brody 11.4996
Logistic 4.7099
Gompertz 4.5263
Von Bertalanffy 4.4864
Generalized Weibull 6.1373

3.5. Growth Curves and Residual Analysis

The predicted growth curves for the different nonlinear mixed-effects models are
shown in Figure 1. Overall, all models were able to capture the general sigmoidal pattern
of growth, although some differences in the fit were observed across age groups. The Von
Bertalanffy model showed a comparatively better fit to the observed growth trajectory
based on the goodness-of-fit criteria.
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Figure 1. Visual representation of the growth curves of Bargur calves fitted using five non-linear
models. Black dots represent observed body weights at different ages, and the solid lines indicate
the predicted average growth curves for each model. The horizontal dashed line corresponds to the

estimated asymptotic body weight (A).
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Residuals (kg)

Residuals (kg)

The residual plots (Figure 2) provide an overview of the distribution of prediction
errors. Models with a better fit showed a more uniform distribution of residuals around
zero, whereas models with a poorer fit exhibited relatively greater dispersion and mild
systematic trends in residuals.
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Figure 2. Residual plots of five non-linear growth models fitted to Bargur cattle calves, showing
deviations between observed and predicted values across age.

4. Discussion

The present study evaluated the suitability of different non-linear growth models to de-
scribe the early growth trajectory of Bargur cattle calves based on age-weight records from
birth to approximately 16 months. Non-linear mixed models have been widely applied in
animal growth studies because of their flexibility in estimating biologically meaningful
parameters and incorporating random effects, which improve model accuracy and allow
better representation of individual variability [16]. One method of condensing the infor-
mation contained in such a data series into a few biologically interpretable parameters is
the use of non-linear models [14]. Non-linear growth models such as Logistic, Gompertz,
and von Bertalanffy have been reported to provide high predictive accuracy (R? > 0.90) in
describing cattle growth, although their performance may vary depending on age, envi-
ronment, and duration of data recording [17]. Similarly, these models have been shown to
predict growth trajectories from incomplete or partially recorded field data, enhancing their
applicability under practical livestock production conditions [18]. A similar pattern has
been reported in previous studies, where different models produced varying asymptotic es-
timates owing to differences in model structure and flexibility [19-21]. Because the current
dataset includes growth records only up to 15-17 months of age and does not include the
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plateau phase of growth, the estimated asymptotic weights should be interpreted as model-
derived theoretical parameters rather than true observed mature weights. Consequently,
asymptotic estimates are influenced by model-based extrapolation beyond the observed
age range. The maturation rate parameter (K) was highest in the Logistic model (0.301),
indicating a relatively faster early growth phase under this mathematical formulation.
However, despite the higher K value, the Von Bertalanffy model provided the best overall
statistical fit to the observed data based on AIC, BIC, and RMSE criteria. Compared with
improved or exotic cattle breeds, indigenous breeds such as Bargur cattle generally exhibit
comparatively lower adult body weights and slower overall growth patterns. However,
these growth characteristics are often associated with superior adaptability, hardiness, and
survival under harsh environmental conditions and low-input production systems. The
relatively faster early growth indicated by the higher maturation rate parameter in the
Logistic model may therefore have practical importance for calf management, particularly
with respect to nutritional supplementation and health care during the juvenile growth
stage. K is commonly referred to as the maturation rate parameter and reflects the rate at
which an animal approaches its asymptotic size [22]. This observation is consistent with
the characteristic behavior of the logistic function, which represents rapid early growth
followed by gradual stabilization [23,24]. Similarly, Ref. [25] reported that the Logistic
model provided reliable predictions during the early growth period of Holstein calves,
supporting its suitability for describing early growth phases. In the present study, differ-
ences in inflection points among models highlighted variations in growth dynamics. The
Logistic and Generalized Weibull models indicated earlier inflection ages (approximately
1.00 month), whereas the Von Bertalanffy and Gompertz models reached inflection at
approximately 4.05 and 4.77 months, respectively. Since the shape parameter (1) was not
estimable, analytical derivation of the inflection point was not possible for the Generalized
Weibull model; therefore, the inflection point was obtained directly from the predicted
growth curve. The discrepancy between empirical and model-based inflection points is
expected, as empirical estimates are based on observed mean growth patterns, whereas
nonlinear models estimate inflection as the point of maximum growth velocity derived
from fitted mathematical functions. The model-based inflection ages ranged from approxi-
mately 1.00 to 4.77 months, indicating that rapid growth acceleration occurs during early
postnatal development, whereas later observed weight peaks reflect cumulative growth
rather than true inflection. The empirical inflection point was identified from raw data
as the age corresponding to maximum observed growth velocity (Aweight/Aage) across
successive weight recordings. It is important to note that empirical inflection was derived
from observed mean growth trends, whereas model-based inflection points were estimated
from fitted nonlinear growth functions. Such variations in growth patterns among models
have also been reported in comparative growth studies, where different functions capture
growth curvature differently depending on the dataset [26]. The variance component asso-
ciated with the asymptotic parameter (A) in the present study reflected between-animal
variability captured through the random-effect structure. Similar observations have been
reported in mixed-model analyses of cattle growth, where the incorporation of random
effects improves parameter estimation and accounts for individual variability [7]. Based on
model selection criteria, the Von Bertalanffy showed the best overall performance. Previous
studies have reported that different nonlinear models may perform better depending on
breed, age range, management system, and data structure. For example, Ref. [25] found
the Logistic model to be suitable for describing early growth in Holstein calves, whereas
the present study identified the Von Bertalanffy model as the best-performing model for
Bargur cattle. However, other studies have indicated that the optimal model may vary
depending on breed, data structure, and environmental conditions [27,28], suggesting that
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model selection should be context-specific. To our knowledge, this represents one of the
first comprehensive applications of nonlinear mixed-effects growth models in Bargur cattle
and provides breed-specific growth parameter estimates for an indigenous cattle popula-
tion for which detailed growth modelling information is limited. Variation in asymptotic
weight estimates across models reflected differences in model structure and flexibility. The
present findings also provide breed-specific biological insights into Bargur cattle. The
moderate growth pattern and model-derived asymptotic projections observed across the
fitted models may reflect the adaptation of this indigenous breed to hilly terrain, harsh
grazing conditions, and low-input production systems. Bargur cattle are traditionally
maintained under extensive management conditions, where adaptability, hardiness, and
survival ability are important functional traits. Therefore, growth characteristics observed
in the present study may represent adaptive responses associated with the ecological and
management conditions under which the breed has evolved. In addition, the present study
provides baseline growth information that may support future conservation, breeding, and
management programs for Bargur cattle, offering scientifically derived growth parameters
and model-based growth predictions. Although the dataset covered only the early growth
phase of Bargur cattle, the fitted non-linear models remain valuable for monitoring juvenile
growth, comparing growth trajectories, and supporting breeding, management, and conser-
vation decisions. Overall, the present findings demonstrate that non-linear growth models
can effectively describe early growth in Bargur calves. The inclusion of RMSE provided an
additional assessment of model performance at the individual observation level. Although
differences in RMSE values were observed among the fitted nonlinear models, the varia-
tion was generally small among the best-performing models. The Von Bertalanffy model
showed the lowest RMSE (4.4864), followed closely by the Gompertz (4.5263) and Logistic
(4.7099) models, indicating comparable predictive performance among these functions. In
contrast, the Generalized Weibull (6.1373) and Brody (11.4996) models exhibited relatively
higher RMSE values, suggesting lower predictive accuracy. Overall, despite differences in
AIC and BIC rankings, the RMSE results indicate that the Von Bertalanffy model provided
the best predictive performance for the present dataset. Therefore, model selection should
be interpreted based on both biological interpretability and statistical performance.

5. Conclusions

The present study demonstrated that non-linear growth models are effective in describ-
ing the early growth trajectory of Bargur cattle calves based on longitudinal age-weight
data from birth to approximately 16 months. Among the models evaluated, the von Berta-
lanffy model provided the best overall fit based on AIC, BIC, and residual error criteria,
followed by the Gompertz, Logistic, and Generalized Weibull models, respectively, while
the Brody model showed the poorest performance. The variation observed in parameter
estimates and inflection characteristics across models reflects differences in their mathe-
matical structure and extrapolation behavior rather than biological variation, particularly
because the dataset does not cover the complete growth period up to maturity. The esti-
mated asymptotic weights obtained from the models should therefore be interpreted with
caution, as they were derived from early growth data and involve extrapolation beyond
the observed age range and do not represent true mature body weights. Overall, the
findings provide useful insights into the growth pattern of Bargur calves and demonstrate
the applicability of non-linear mixed-effects modelling approaches for describing growth
in indigenous cattle. The fitted models may also be useful for monitoring juvenile growth
performance and supporting early management and selection decisions in Bargur cattle.
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